A comprehensive methodology to assess forest fire susceptibility, that uses variables of strong spatial correlation, is presented and applied for the Portuguese mainland. Our study is based on a thirty-year chronological series of burnt areas. The first twenty years (1975)(1976)(1977)(1978)(1979)(1980)(1981)(1982)(1983)(1984)(1985)(1986)(1987)(1988)(1989)(1990)(1991)(1992)(1993)(1994) are used for statistical modelling, and the last ten (1995)(1996)(1997)(1998)(1999)(2000)(2001)(2002)(2003)(2004) are used for the independent validation of results. The wildfire affected areas are crossed with a set of independent layers that are assumed to be relevant wildfire conditioning factors: elevation, slope, land cover, rainfall and temperature. Moreover, the wildfire recurring pattern is also considered, as a proxy variable expressing the influence of human action in wildfire occurrence. A sensitivity analysis is performed to evaluate the weight of each individual theme within the susceptibility model. Validation of the wildfire susceptibility models is made through the computation of success rate and prediction rate curves. The results show that it is possible to have a good compromise between the number of variables within the model and the model predictive power. Additionally, it is shown that integration of climatic variables does not produce any relevant increase in the prediction capacity of wildfire susceptibility models. Finally, the prediction rate curves produced by the independent cross validation are used to assess the probabilistic wildfire hazard at a scenario basis, for the complete mainland Portuguese territory.
Introduction
Wildfires have destroyed, in the past few years, thousands of hectares in Portugal (e.g. over 425 thousand ha burnt in 2003 and over 300 thousand ha in 2005) stepping up as a major environmental problem in the country. Numbers have been
Correspondence to: J. C. Verde (verde@geographus.com) far more positive since 2006, but how they will evolve in the future is highly uncertain (Fig. 1) . Between 1980 and 2007, wildfires have affected over 3 million ha in Portugal: that is equivalent to almost all of Belgium, one and half of Israel or twelve times the Luxembourg territory. Summed up, what was burnt in those 28 years is almost equivalent to the present day Portuguese forested areas.
Two thirds of Portugal is forested spaces, providing for paper, cork, furniture and many more products accounting for 3.2% of the Gross National Product (GNP), and 15 thousand jobs, in 2005. This data points to wildfires as a problem, not even accounting other environmental issues. Furthermore, the Portuguese forest was last evaluated at around 7750 million C. To sum it up, the problem is how to sustain 64%, roughly two thirds, of the Portuguese territory.
Wildfires are not a Portuguese exclusive and several authors have dedicated their time investigating how to best model and achieve cartographic tools for wildfire susceptibility and hazard assessment, such as the work of Chuvieco and Congalton (1989) , Viegas et al. (1999) , Vasilakos et al. (2007) , and Verde (2008) among others. Some attempts have been made to model susceptibility by means of different methods, like nearest-neighbourhood. Such is the case of Amatulli et al. (2007) who applied interpolation techniques to map lightning/human-caused wildfires, or Durão et al. (2010) whose work, dealing with the Canadian FWI system, tried to assess the probability of fire in a given region by running simulations. Apart from the somewhat static approach of susceptibility assessments, other authors have explored the correlations of wildfires and weather conditions, such as in Pereira et al. (2005) , Trigo et al. (2006) and Le Page et al. (2008) . Wildfire prevention is a vector for model development, driving efforts for a better prediction of those conditions that favour fire spread, or to allow for a quicker wildfire detection. The United States National Weather Service is running an experimental interface which divulges fire weather warnings, outlooks and danger 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 (GFMC, 2010) . All these studies and approaches share a common goal, explicit or implicit: through a better knowledge of wildfire susceptibility, on land or atmospheric conditioning factors, reducing exposure and minimizing losses. The aforementioned studies have varying degrees of complexity, and many more authors have studied this subject, making it very difficult to refer them all. This paper focuses more on susceptibility as a property of the territory and less on wildfire dynamic patterns due to weather conditions, although correlations with rainfall and temperature are explored, to investigate model behaviour with similar variables as those used by other authors.
The conceptual framework
In Sect. 1, we have shown that the problem is how to sustain a large portion of the Portuguese territory. To do so, concepts must be clearly defined and understood, because actions might be taken to deal with the problem on the hazard level -through hazard reduction -or by risk mitigation on a broader sense. A consensus regarding the concept of wildfire risk does not exist. Bachmann and Allgöwer (1999) have already addressed that issue, pointing out that "the somewhat inconsiderate use of the various terms "danger", "hazard", and "risk" may result in misunderstandings that can have fatal consequences" (op.cit., p. 1). Indeed, if a common understanding of what is hazard and what is risk does not exist, we might end up using products in an erroneous way: wildfire risk maps, containing financial data, cannot be read as direct
Consequences Hazard
Risk = Susceptibility x Probability x Vulnerability x Economic Value Fig. 2 . Conceptual framework, based on Varnes (1984) and Bachmann and Allgöwer (1999) .
indications of where a wildfire can grow faster and harder to extinguish due to increased susceptibility or recurrence patterns. If such a mistake happens at an operational level, where decisions must be made fast and accurately, consequences may be dire.
As the aforementioned authors pointed out, "the phenomenon fire has so many aspects as do people who are dealing with it (...) based on their primary interests, each of these "communities" has different notions of the term "wildfire risk" (Bachmann and Allgöwer, 1999, p. 1). The conceptual framework we adopt in this paper is the same framework widely applied to study other hazardous phenomena, like mass movements, floods or earthquakes, following the UNDRO (1979) and Varnes (1984) proposal and the risk definition given by Bachmann and Allgöwer (1999, p. 5) : "the probability of a wildfire occuring at a specified location and under given circumstances and its expected outcome as defined by the impacts on the affected objects". We consider wildfire susceptibility the terrain propensity to suffer a wildfire or to support its spreading, given by the terrain's intrinsic characteristics (e.g., elevation, slope, vegetation cover). In addition, we consider wildfire hazard as the probability of a wildfire occurance associated with terrain susceptibility.
In this paper, we do not get into risk. Our study stops at hazard assessment. Figure 2 shows the adopted conceptual framework.
Susceptibility assessment
For susceptibility assessment, our model integrates some widely used variables in wildfire hazard modelling. The following variables were considered: elevation, slope, land cover, average annual rainfall, average number of days with minimum temperature ≥20 • C, and past burn scar mapping (which we transformed into simple probability). We have chosen to include those variables that relate to the fire triangle, air, heat and fuel, but also to the most prominent fire agent in Portugal: man. We did not consider variables that could be best used in dynamic mapping (e.g., wind speed and direction), mostly when fire is already progressing, as our purpose was to map susceptibility in the long term, as a property of the territory, as mentioned in Sect. 1. A sensitivity analysis was performed in order to assess the variable combination with the best prediction capacity. Figure 3 summarizes the adopted methodology from data capture to wildfire susceptibility and hazard evaluation. Modelling subset (1975 Modelling subset ( -1994 Fig. 3. General methodology from data sources and data integration, to susceptibility and hazard mapping.
Data capture
Elevation is one of the wildfire conditioning factors. Elevation "controls temperature and rainfall" (Ventura and Vasconcelos, 2006, p. 101-102) , which will, in turn, influence the type and availability of fuel, as well as its humidity. Elevation is not homogeneous in Portugal, and the higher values are found in the central and northern part of the country (Fig. 4) . Influence of slope on fire progression is well known. The higher the slope, the faster fire progresses by heating of fuels uphill. Slope is also a factor that controls the wind speed (Macedo and Sardinha, 1993; Ferreira de Castro et al., 2003; Viegas, 2006) . The spatial pattern of slope distribution in Portugal is similar to that of elevation (Fig. 5) . The slope gradient is usually higher in the north and central part of the country.
The existence of wildfire susceptibility depends on susceptible territories, and it does not make any sense to assess wildfire susceptibility where wildfires cannot occur. Therefore, we have excluded from the land cover thematic layer (CORINE Land Cover 2000), all artificial areas, inland water bodies and ocean, corresponding to levels 1, 4 and 5 (Fig. 6 ).
The selection of the appropriate meteorological parameters to integrate wildfire susceptibility models is a significant issue. In Portugal, according to Pereira et al. (2006) , "rainfall between January and April shows a slight positive correlation with burnt areas, possibly because it favours the growth of fine fuels (...) to burn during the summer". On the other hand, "there is a negative correlation (...) between the burnt area and rainfall during the month of May" (op.cit, p. 149) which results in higher humidity levels on those fine fuels, that become less available for ignition. In our work, rainfall influence is integrated into the model by using the mean annual precipitation from the period (Fig. 7) . Table 1 ).
The rainfall annual average does not allow for a total assessment of the above-mentioned rationale, however, knowing how rainfall is distributed in Portugal, one can assume the spatial coincidence between the higher annual rainfall and the winter rainfall maxima, hence, confirming what Pereira et al. (2006) have pointed out.
In previous studies (Pereira and Santos, 2003) , air temperature has been used as a variable for wildfire susceptibility assessment, assuming that regions with higher air temperatures are those of higher wildfire susceptibility. Ventura and Vasconcelos (2006) state that high temperatures and low humidity levels favour the drying of fuels. Having this assumption in mind, we chose to integrate air temperature in a different way. Whereas in previous studies, like Pereira and Santos (2003) , it was integrated as the number of days with temperatures equal or above 25 • C, between May and September, we used the average number of days with minimum temperatures equal to, or above, 20 • C (Fig. 8) , for the period 1990-2007. Considering that it is during night time that wildfire suppression efforts are more likely to succeed, taking advantage of lower temperatures and higher air humidity, we assume that where there are Table 1 ). more nights with temperatures equal or above 20 • C, wildfire susceptibility should be higher.
Past history of burnt areas enters into the model as a simple probability (Fig. 9) , that allows us to read "every year, what is the probability of each ground unit to be affected by combustion?". This approach allows for discriminating, where fire is a recurring phenomenon rather than an unusual event. These wildfire records are also used to determine wildfire favourability for all other variables, as the past -from a mapped history of more than 30 years of wildfires -shows us how different classes of those variables behave under fire. Historical data is also a proxy for a factor that would, otherwise, be extremely difficult to integrate in the model: human behaviour. In fact, this factor is extremely important to understand wildfires in Portugal, because over 97% of wildfires are linked with human causality (Beighley, 2009) . In Table 1, we present the legend and favourability scores for all variables, except for probability, for which no favourability score was computed. It should be noted that not all thematic layers have the same total number of pixels as a consequence of different criteria for definition of coastlines and inland water bodies. In the case of land cover, not considering levels 1, Table 1 ).
4 and 5 as previously stated, adds to this difference. We have chosen not to force all thematic layers to the same extent because the difference was small and in doing so we could bring erroneous data into the model. In all models, we used a subset of 20 years of burnt scars (1975) (1976) (1977) (1978) (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) to compute favourability scores, and the remaining set of 10 years (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) for the independent validation of susceptibility results (Fig. 10) . It becomes clear that these thematic layers do not entirely share the same timeframe and this may be considered a drawback of our model. However, in a previous work, Verde (2008) had shown that the effectiveness of the model was not affected by combining land cover of the year 2000 with burnt scars of the period 1975-1994. In fact, that author has shown that, using land cover of the year 2000, the model has an overall better behaviour with older burnt scars (e.g. 1975-1984) than with a block comprising the year the land cover was created (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) . In addition, climatologic data is assumed stable regarding their spatial distribution, and we expect annual rainfall and temperature patterns to remain reasonably unchanged in the medium-long term, taking into account the Portuguese climate, where the most annual rainfall occurs during winter time and the higher temperatures during the summer. Daveau et al., 1977) . Legend: class Id (see Table 1 ).
Integrating the variables
We perform the wildfire susceptibility assessment based on the following assumptions: 1) the probability of occurrence of burnt areas can be quantitatively assessed by statistical relationships between past burnt areas and a spatial dataset; and 2) wildfires, assessed by their respective burnt areas, occur under conditions that can be characterised by the layers in the aforementioned spatial dataset, thus, considered as conditioning (or predisposal) variables, to be integrated in the prediction model.
Our work has been done in a GIS, with raster processing, after preparing and transforming vector data we had available. We used a 80-m pixel size digital elevation model (source: http://www.fc.up.pt/pessoas/jagoncal/srtm/ srtm.htm) from which we derived the elevation and slope themes.
The rationale behind the use of the method used to weigh variable cases is beyond the scope of this paper, but it follows the work of Chung and Fabbri (1993) and Fabbri et al. (2002) Table 1 ).
for favourability score calculation, for all variables, except probability, is:
Where Sfx is the favourability score for class x, umAx is the total number of burnt units (or pixels) in class x, and x is the total number of units of class x. In addition, the transformation of historical data into a simple probability was made using Eq. (2):
Where pa is the probability (simple, not conditioned), f is the number of times the pixel has been burnt, and N the number of years. Due to the nature of our dataset, it is not possible for any pixel to have f higher than 1, therefore, pa can never exceed 1 (or, as per Eq. 2, 100). After all favourability scores and probability values have been calculated, we integrate the total set of variables using Eq. (3): Where UC is a unique condition, UCF is the unique condition favourability value and F is the favourability value of each class within each thematic layer. The Unique Condition (UC) expresses all existing thematic layer combinations translated by the favourability value of each class in each thematic layer (pa, Sf1, Sf2,..., Sfn) as expressed in Eq. (3). The UC favourability value is calculated for each pixel and is given by the multiplication of the favourability score of each class variable present in the pixel (Eq. 3). It should be noted that wherever a favourability score computed zero, it was reclassified as the value one, thus, becoming neutral in the multiplication.
To identify each model, resulting from the integration of different variables, each layer is represented by a code, as follows: A -Elevation, D -Slope, C -Land cover, RRainfall, T -Temperature, P -Probability. Combining these codes identifies which variables have been used, for example, a model identified by "ACD" is a model whose calculation took into account elevation, land cover and slope.
Unique condition favourabilities (UCF in Eq. 3) for each model, when ordered in descending order and crossed with burnt areas, allow computing two types of curve: success and prediction rate curves. The success rate curve results from the cross tabulation between the model results and the burnt areas used to build the model. Therefore, this curve is able to evaluate the degree of model fit. The prediction rate curve results from the cross tabulation between the model results and an independent set of burnt areas that was not used in the model, as referenced in Sect. 3.1. Hence, prediction rate curve can be used to predict the future behaviour of wildfires.
Model results and validation
The first susceptibility model run was the CDP, assuming wildfire susceptibility can be assessed through integration of fuel (land cover), slope and the historical pattern (derived from past burnt areas). This is a model of high success and prediction rates ( Fig. 11 ; Tables 2 and 3) : the 30% most susceptible territory accounts for over 90% of burnt areas contained in the model. As for the prediction, the same 30% of the territory only predicts correctly 71% of those "new" burnt areas, not considered in the model (1995-2004 sub-set) . On a second model run, another variable was added to the model: elevation. The ACDP model maintains high rates (Tables 2 and 3) ; however, keeping 30% of the most susceptible territory as reference, the success rate is slightly lower, but the prediction rate is somewhat better than before. In Fig. 12 , we plot those curves, keeping CDP curves for comparison. Next, to evaluate the impact of rainfall on susceptibility assessment, the rainfall layer was added to the model. The five variable model, ACDPR, shows the worse behaviour (Fig. 13) . The prediction rate is similar to the previous model (ACDP), but the success rate is worse.
To complete this series of model runs, temperature was added to the model (Fig. 14) . The six variable model, ACD-PRT, has less satisfactory results, as both success and prediction rates are worse than any other previous model, as can be visually perceived in Fig. 14. Although the general good quality of the wildfire susceptibility assessment, we wanted to evaluate the models response if burnt areas in the past (as mentioned earlier, transformed into a simple probability) were to be removed. Therefore, a second set of susceptibility models was performed without the P layer. The first model run, in this series, was the CD model (Fig. 15) . By comparison with the CDP model, when using only land cover and slopes, both success and prediction rates decrease in quality. Nevertheless, the similarity between the prediction rate curves of both models, CD and CDP (difference around just 1%) is remarkable. Figure 16 shows the differences between ACDP and ACD models. As in the previous case, the success rate is worse, but the prediction rate follows closely. In comparison to the previous model (CD), adding elevation resulted in a subtle gain, usually below 1%, on both success and prediction rates. Adding rainfall to this series of models (ACDR) generates similar results (Fig. 17) . The success rate does increase slightly, but not always, and the prediction rate is below the previous ACD model up until 70% of the territory.
Last is the ACDRT model (Fig. 18) , which adds temperature, allowing for a better success rate, but overall worse prediction rate than any other variable combination. For a better perception of the susceptibility models behaviour, we computed the area under the curve (AUC) for all models (Table 4 ). The CDP model is not the best one for prediction at all area marks. However, it addresses more of future burnt areas requiring less territory. Overall, the CDP model has the best predictive behaviour. Also, the AUCs clearly show that the CDP model has the best success rate.
As for prediction, CDP is only the second best susceptibility model, but it uses less variables, has the best success rate and, up to 20% of the territory (the highest susceptibility class), it predicts more burnt area than any other. Therefore, the CDP model was chosen as our reference wildfire susceptibility model. Because the prediction curve is so smooth, without any clear breaks that could guide classification, a quintile classification was chosen, with each class having around 20% of susceptible territory. Figure 19 illustrates wildfire susceptibility in mainland Portugal. The prediction capacity ascribed to each susceptibility class was taken directly from the prediction rate curve of the CDP model. The meaning of the prediction values can be described as follows: 52% of the total area that will be burnt in the next future will be located in the susceptibility class "very high". On the contrary, the susceptibility class "very low" will include only 3% of the area to be affected by wildfires in the future. We have not yet explored the specific reasons behind model behaviour when adding or removing layers. It is possible 
Hazard assessment
The hazard map has the same appearance as the susceptibility map, but its classes are not subjective, they are probabilistic values, given by an underlying scenario of future burnt area. For hazard assessment of a single pixel within a wildfire susceptibility class, we use the following equation (Zêzere et al., 2004) :
Where P is the probability; aaf is the total area to be burnt in the considered scenario; at is the total area within the susceptibility class x; vpred is the predictive value for the susceptibility class x. Table 5 shows an example of a hazard calculation for each susceptibility class in a scenario of a total of 500 000 ha burnt in a single year. It should be noted that the probabilities expressed in Table 5 , are for each and every pixel within a class, that is, every pixel on the highest susceptibility class has a probability of ignition of 16.81%.
Conclusions
The existing large number of studies on the subject of wildfires is an indicator of how important wildfires are and how they have motivated many investigators, due to the many aspects related to fire: social, economic, environmental and cultural. This has led to the development of many methods for assessing wildfire susceptibility, not only under static approaches, for medium-and long-term analysis, but also for decision critical applications: when wildfires are already spreading, taking into account current and local weather conditions.
We have shown that wildfire susceptibility and hazard can be assessed at a national scale using few variables, like past wildfire history, slope and land use. The relationships between fire, land use and slope allow us to identify those areas of higher susceptibility. Adding historical data provides a better understanding of where wildfires have a pattern and where recurrence places a problem. That is as relevant as wildfires in Portugal are mostly of human origin.
Using only three variables makes the model quick to implement and easy to process, while having a good compromise between simplicity and predictive capacity. We have demonstrated that adding more variables does not increase the model prediction capacity substantially.
We have also demonstrated that meteorological variables do not bring enough value to prediction rates, hence not offering a good justification for including them in the wildfire susceptibility model. Meteorological data is relevant on a daily basis, for wildfire forecast mostly when wildfires are already happening. However, it does not play a significant role on long-term susceptibility assessment and mapping.
Finally, hazard evaluation is very useful in preparation for worst case scenarios, and can be used as a method for determining the number of hectares for fuel management using techniques such as landscape mosaics and prescribed burning, determining optimal size for fuel management breaks, optimal size for forest roads, the location and density of water points for vehicles and airplanes, and for dimensioning of fuel management around buildings on urban/forest interfaces.
